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Sentiment Analysis of User Comments Based on Extraction of Key Words and Key Sentences
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Abstract One of the main task of sentiment analysis is to determine the polarity of a review whether it is positive or
negative according to the content of the document. When determining the emotional polarity of a document, different
sentences and words have different emotional contribution on the classification result, so how to extract more related
words and sentences becomes an important problem. In the experiment of the supervised classification, this paper used
the dependency syntactic analysis to extract the words which are more related to the emotion and can improve the classi-
fication effect. In the semi-supervised classification experiment,the key sentence extraction and the combining-classifier
method based on the Chinese comments have been used. For key sentence extraction.,the proposed approach takes the
following attributes into account: sentiment attribute. position attribute. special word attribute and punctuation attri-
bute. This approach extracts key sentences containing more emotional words and summary meaning, then uses combi-
ning-classifier method to make the sub classifier with the highest confidence to determine the classification effect. The
results show that the performance of the proposed method is better than the baseline methods, which proves the validity
of keyword extraction based on the dependency parsing and key Chinese sentence extraction algorithms.
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Table 3 Comparison of experimental results based on weighted

sentiment analysis (Dazhongdianping Dataset)
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Table 4 Comparison of experimental results based on weighted

sentiment analysis (Toutiao Dataset)
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Table 5 Experiment results based on different weights

(Dazhongdianping Dataset)
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Fig.4 Change of precision with size of tagged training set

(Dazhongdianping Dataset)
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Fig. 5 Change of recall with size of tagged training set

(Dazhongdianping Dataset)
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(Dazhongdianping Dataset)
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